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Quality control and counterfeit product detection have become exceedingly important due to the vertical market of beers in the global economy. China is the largest producer of beer globally and has a massive problem with counterfeit alcoholic beverages. In this research, a modular electronic nose system with 4 MOS gas sensors was designed for collecting the models from four different brands of Chinese beers. A sample delivery subsystem was fabricated to inject and clean the samples. A software-based data acquisition subsystem was programmed to record the time-dependent chemical responses in 28 different models. A back-propagation neural network based on a memristor was proposed to classify the quality of the beers. Data collected from the electronic nose system were then used to train, validate, and test the created memristor back-propagation neural network model. Over 70 tests with changes in the setup parameters, feature extraction methods, and neural network parameters were performed to analyze the classification performance of the electronic nose hardware and neural network. Samples collected from 28 experiments showed a deviation of 9% from the mean value. The memristor back-propagation network was able to classify four brands of Chinese beers, with 88.3% of classification accuracy. Because the memristor neural network algorithm is easy to fabricate in hardware, it is reasonable to design an instrument with low cost and high accuracy in the near future.
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1 INTRODUCTION
Food quality control is becoming exceedingly popular due to the massive quantities of products in today’s world. But the monitoring of food quality has become more critical with the governments’ regulations and improvements in sensor technology. In the research field, monitoring system design, classification methods, or algorithms have been proved to be effective ways to enhance the accuracy of food detection.
Using an electronic nose to detect the odor of food or beverage, instead of a human nose, was first proposed in 1982. At present, the electronic nose is still an essential way of detecting food quality for different applications. In the monitoring system design, M. Falasconi [1] gave in detail about using electronic nose microbiology for detecting food product quality control in 2012. Gliszczyńska-Świgło [2] reviewed the electronic nose as a tool for monitoring the authenticity of food in 2017. Wojnowski [3] proposed a portable electronic nose based on electrochemical sensors for food quality assessment in 2017. Eusebio [4] published the definition of minimum performance requirements for environmental odor monitoring in electronic nose testing procedures in 2017. For improving the accuracy, Liu [5] researched a drift compensation for electronic noses by semi-supervised domain adaption. Vergara [6] put a chemical gas sensor drift compensation using classifier ensembles. Zhang [7] explained domain adaptation extreme learning machines for drift compensation in e-nose system in 2015. Another Zhang [8] used a chaotic time series prediction of the e-nose sensor drift in the embedded phase space in 2013. In the research objects, tea [9] and wine [10] have been used to monitor their quality. For algorithms, Zhang [11] listed all the methods: SVM, BPA, neural network, and so on, in his book e-Nose Algorithms and Challenges in 2018. Qi [12]designed a portable electronic nose to classify the real–fake detection of Chinese liquors in 2017. Pádua [13] proposed a new design of a scalable and easy-to-use EN system to detect volatile organic compounds from exhaled breath in 2018. The aforementioned articles only proposed monitoring the quality of one type of product as it is difficult to design a universal electronic nose to monitor the quality of multiple products due to inherent limitations of sensor technology.
The memristor is a new emerging technology, which has been developed in the past decade. Li, C.L [14], and Ma [15] focused on how to design and fabricate the memristor circuit. Li, C.L. [16], Li, X.J [17], and Gao [18, 19] used the memristor algorithm to encrypt images. In the past few years, hybrid algorithms based on the memristor and different neural networks were proposed in [20–23].
In this study, a new portable modular design of an electronic nose was proposed to classify four different brands of Chinese beers based on the MOS sensor array and the memristor back-propagation neural network algorithm. After simulation in MATLAB, the system and the algorithm were efficient with higher accuracy in classifying the assigned beers.
2 SYSTEM SETUP AND EXPERIMENTAL PROCEDURE
2.1 Sample Delivery Subsystem
The section consisted of air pumps and air valves with a sophisticated control setup, which diluted the aroma of the beer sample with air in an accurate ratio and delivered it to the gas detection module. The sample delivery system consisted of a sensor array, two solenoid air valves, and two air/vacuum pumps, as shown in Figure 1. During the experiment, in the injection mode (red), solenoid air valve 1 and air pump 1 were turned on. The beer odor sample was then drawn into the sensor chamber using air pump 1 connected to the solenoid air valve 1. In cleaning mode (green), air pump 2 and solenoid air valve 2 were turned on to clean the sensor chamber for the next sample. Air pump 2, working as a vacuum pump, is connected to the sample chamber with pipes to remove odor from it.
[image: Figure 1]FIGURE 1 | Working modes of sample delivery system.
The sample delivery system was kept inside the EN housing, separated from the gas detection module and the sample chamber. It was connected to the gas detection module and sample chamber through pipes and routings.
2.2 Data Acquisition Subsystem
The gas detection module consists of 4 cross-sensitive MOS sensors (tgs2600, tgs2602, tgs2611, and tgs2620), which detect the mixture of gases present in the aroma. The data acquisition system then collected the response of the gas detection module in real time and stored the time-stamped data. Finally, the memristor back-propagation neural network model was trained to perform pattern recognition based on the response from the gas detection module.
After the hardware design was completed, a working prototype of the electronic nose was able to switch the sample delivery system and convert the sensor response into digital signals. Now, these data were stored for further analysis.
During the testing stage, sensors in the gas detection module were measuring the odor and sending the analog signals to an Arduino microcontroller. A microcontroller ADC converted these analog signals into digital signals and displayed them on its serial port. Processing software was then used to process and store the data in a CSV file. Serial communication was used to deliver data between the microcontroller and PC. The block diagram of data acquisition subsystem is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Block diagram of data acquisition subsystem.
2.3 Set Experiment Parameters
After numerous tests, measurements were taken with the following values of adjustable parameters of the electronic nose (Table 1). Four brands of Chinese beer were bought from different supermarkets. Overall, seven sample bottles of each brand of beer were collected this way for the diversity of samples. Each beer sample was then taken to collect the sensor response curve. The total number of pieces was 28. To ensure uniformity, 50 ml of beer was taken from each sample bottle and poured into the sample chamber. All the experiments for data collection of beer samples were performed within one week, so the sensor array was preheated only once before starting the experiments. All sensors were heated for 48 h to ensure stable sensor characteristics.
TABLE 1 | Set experiment parameters.
[image: Table 1]2.4 Experiment Procedure
All steps in the system were automated. Only sample preparation was manual. The steps to record one sample were as follows: After defining the experiment parameters, wait until a steady state, then prepare the sample in the sample chamber, turn on the electronic nose, and the system will start. Next, in cleaning stage 1, the sample delivery system activated the air pumps and solenoid air valves to clean the sensor chamber for 300 s. Third, injection stage: the sample delivery system started the air pumps and solenoid air valves to deliver the beer sample odor from sample chamber to sensor chamber for 300 s. Fourth, cleaning stage 2: sample delivery system activated the air pumps and solenoid air valves to clean the sensor chamber for 600 s. During this whole procedure, the data acquisition system records the data and saves it as a CSV file. Finally, clean and wash the sample chamber for subsequent measurement. The flowchart is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Flowchart of the experiment procedure.
2.3 Memristor Neural Network Design
To classify the different odors of Chinese beers, MATLAB was used to create and ultimately organize the data. Following steps were followed to develop a neural network model, and this neural network was then used to test the input data and classify it according to the recognized patterns in it.
First, four sensors (tgs2600, tgs2602, tgs2611, and tgs2620) were used to record the odor in the sample, so the number of input was defined as 4. The number of outputs was also 4 as four brands of Chinese beers were being used for the classification.
Then, values were initialized. Starting weight values were set for synapses connecting each node. Here random discounts were applied. Next, the middle hidden layer was calculated, four weights from each of the nodes in the input layer were indexed, and four weights from each remote layer node to the output layer were set. Summing up the input values I[n] multiplied by their consequences from the synapses and adding a node threshold value (T) resulted in the consequences from the input layer to the middle hidden layer, which was denoted by I_to_M_weight[i] [24].
[image: image]
M[i] was limited between 0 and 1 when adjusted with a sigmoid logistic function.
[image: image]
After calculating the hidden layer nodes, constrained values were used to calculate the output layer. Here, the inputs were the middle layer node values, and the outputs were the nodes in the output layer.
[image: image]
O[i] was also limited between 0 and 1 when it was adjusted with a sigmoid logistic function.
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When training began, due to the inherent randomness created during the initialization, the output error [image: image] equaled subtracting the correct value [image: image] from the output value [image: image] and taking the absolute value.
[image: image]
The hidden layer weight values were updated by adding the error between the output and the middle to output weight.
[image: image]
Here, [image: image] was used to calculate the error at the middle hidden layer. [image: image] was used to reevaluate the input to middleweights.
[image: image]
Then, the weights between the middle and output layers could be updated. Here, a learning rate between 0 and 1 was used to balance the degree for each epoch. Due to oscillating the output accuracy, a momentum rate was added to change from previous epochs. The learning rate was set as the following equation:
[image: image]
The momentum was in the following equation:
[image: image]
Now, the weights between the input layer and middle layer were updated based on the error in the middle layer:
[image: image]
where a was from 1 to the number of input nodes and b was from 1 to the number of hidden nodes.
Finally, the threshold constants were updated from the error in each layer and the learning rate.
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3 SIMULATION AND RESULTS ANALYSIS
3.1 Set Learning Rate
Collected data were fed into our created neural network model. A new memristor scaled conjugate gradient back-propagation was designed to classify collected samples. The memristor back-propagating neural network used a momentum rate of 0.9 and a floating learning rate that began training at 0.4. As the average training error of the network decreased, the learning rate decreased. The network started with a higher learning and momentum rate to avoid the system becoming stuck in a local minimum or local maximum. As the average training error lowered, the learning rate decreased to try to fine-tune the parameters of the system. The change in the learning rate to the average training error is listed in Table 2.
TABLE 2 | Learning rate adjustment.
[image: Table 2]3.2 Set Numbers of Hidden Neurons
Multiple sets of hidden neurons were tested, and their effects on classification were analyzed. In this analysis, the number of HNs was changed in the neural network model, and the network was trained and tested each time with a different number of HNs. At the end of each training and testing, confusion matrixes were stored. Overall, 10, 1,000, 2000, 3,000, 4,000, and 5,000 HNs were changed in the NN model, and the results are shown in Table 3. Totally, 10 HNs reported the lowest classification accuracy in the confusion matrix, and 5,000 HNs reported the highest overall accuracy. The effect of the number of HNs was also directly related to the individual classification accuracy of each beer. Each beer classification rate was calculated as average. The highest overall accuracy of 88.3% was achieved with 5,000 hidden neurons. During this analysis, all other parameters in this neural network model remained the same.
TABLE 3 | Comparison of classification accuracy with change in number of hidden neurons.
[image: Table 3]3.3 Type of Feature Extraction Method
Two types of feature extraction were done on data and then fed into our neural network model. The first type of feature extraction was based on the original response curve. In this type of feature extraction, features were extracted from the whole curve. The whole curve included the baseline response and sensor response to the beer sample. Rather than taking full value features of the response curve, data from the entire curve were stored and given as input to the NN model. In the second type, feature extraction was based on the rising curve. In this type of feature extraction, the only rising curve was taken as the feature curve where features were extracted from only the rising curve data.
Changes in the feature extraction method drastically affected the overall classification accuracy of beer samples. When the neural network was trained based on the features from the original response curve, it reported a maximum accuracy of 87.8% with 4,000 hidden neurons. But the NN model reported only 79.6% classification accuracy with 4,000 hidden neurons when the NN model was trained using features extracted from the rising curve. Accuracy comparison of rising and whole curves with 1,000 and 4,000 hidden neurons is shown in Figure 4. Average accuracies for individual beers were also reported to be decreased.
[image: Figure 4]FIGURE 4 | Confusion matrices with rising and whole curve along with 1,000 and 4,000 hidden neurons.
3.4 Validation and Test Data
To perform classification with a neural network, it has to be trained, validated, and then tested to give accurate predictions. To check the effect of the amount of validation data and test data on the classification accuracy of our trained model, these parameters were changed and analyzed. Training data of created neural network were kept at 70% of total data during two variations, and it was reduced to 50% of total data in the third variation. Remaining 30% data were then divided into validation and test data of multiple variations (15% validation data, 15% test data), (5% validation data, 25% test data), and (25% validation data, 25% test data).
During this analysis, all the other parameters in the system were kept constant. Hidden neurons during this analysis were maintained at 5,000. Features extracted from the whole response curve were used as feature extraction types. Study (Figure 5) showed that the maximum classification accuracy of 88.3% was achieved with (15% validation data and 15% test data), while (25% validation data, 25% test data) attained an accuracy of 87.8%. Parameters of (5% validation data, 25% test data) performed the worst and showed an accuracy of only 86.5%.
[image: Figure 5]FIGURE 5 | Confusion matrices with different percentages of validation data and test data.
3.5 Doubling the Amount of Data
The number of samples recorded with our working prototype was 28, which were divided into seven samples of 4 different brands of Chinese beers. The number of features extracted from these 28 samples was 180602. These features were then used to train, validate, and test our neural network. Components were randomly selected, and the amount of data for training, validation, and testing was also randomly selected. Idea was presented to investigate if doubling the amount of data would increase its accuracy or not. Due to time constraints, data collection was not possible. We adopted the method of duplicating features. In this technique, we extracted features from our original data, which were 180602, and repeated them. The amount of features after duplication was 361204. These repeated features were then used for the training, validation, and testing of neural networks. In this analysis, the number of hidden neurons was taken as 1,000, and the whole response curve was used for feature extraction. In this study, 70% of all data were used as training data, and the remaining data were used for validation and training. Out of 30% remaining data, 15% were used for validation and 15% for testing the trained NN model. By doubling the number of features, a 0.7% overall increase in classification accuracy of the trained neural network was reported (Figure 6). But it also doubled the processing time. The time to train the neural network also significantly increased as the amount of data increased.
[image: Figure 6]FIGURE 6 | Confusion matrices of the neural network model with different amounts of features.
3.6 Classification of Chinese Beers
To perform the classification of Chinese beers, multiple analyses were done on the different parameters of the neural network. The trained neural network reported a maximum accuracy of 88.3% in Section 3.4. In this neural network model, 5,000 hidden layers were taken. Feature extraction was based on the original response curve, which means the features included the steady-state and the transient response of each sample. Total samples were 28, and the number of components extracted was 180602. Again 70% of the complete data were taken as training data. Training of the NN lasted 4 h, which was done on a laboratory computer. Of the remaining data, 15% were used for validation, and another 15% were used for testing the trained NN model. All the features used in training, validation, and testing were randomly selected. The confusion matrix of this NN model is shown in Figure 7. The receiver operating characteristic curve (ROC) of this trained neural network is established in Figure 8.
[image: Figure 7]FIGURE 7 | Confusion matrix with maximum classification accuracy.
[image: Figure 8]FIGURE 8 | Receiver operating characteristic curve with maximum classification accuracy.
The ROC curve of the trained neural network also demonstrated the accuracy of the trained NN model during the classification; it stayed true to the proper positive rate curve. During training, validation, and testing, it almost followed the same pattern. The maximum number of features was recognized as a true positive for the classification accuracy of our NN.
The total error of the output nodes was summed for training, validation, and testing, as shown in Figure 9. The histogram compares the frequency of the output classification error over 1,000 epochs and reports the number of instances. Error histogram was the histogram of the errors between target values and predicted values after training the neural network. As these error values indicated how predicted values differed from the target values, these were negative.
[image: Figure 9]FIGURE 9 | Error histogram with maximum classification accuracy.
The results showed that the working prototype of the electronic nose performed exceptionally well in the sample data collection. The trained neural network was successfully able to classify the samples to within 11.7% (error on average) of the actual beer samples. It successfully classified four beers with 88.3% accuracy. The neural network could compensate for a giant floating baseline and the limited amount of data with only 28 samples. The low number of models also restricted the true potential of the network to become fully developed. For this particular four-input, four-output system, the best performance was achieved with 5,000 hidden nodes based on features extracted from the whole curve with training–validation–test data of 70%-15%-15%.
4 CONCLUSION
A new portable modular design of an electronic nose was created to classify four different brands of Chinese beers based on their odor or aroma. The working prototype of this electronic nose featured an array of 4 MOS sensors that were commercially available from Figaro Engineering Inc. A fully automatic sample delivery system was designed with two air pumps and two solenoid air valves sourced from the local companies. A fully automated software-based data acquisition system was also developed, which required the electronic nose to connect to processing software through a PC. Data were then recorded in a CSV file.
Totally, 28 experiments were performed to collect the data for feature extraction. Over 70 tests were performed in MATLAB with different parameters in the neural network. Classification accuracy of the trained neural network drastically improved with the increase in hidden neurons with maximum precision of 88.3% reported with 5,000 hidden neurons. The type of feature extraction also affected the overall accuracy of classification. The amount of training, validation, and testing data also negatively affected the classification performance of the neural network. The best combination for maximum performance was determined as 70% training, 15% validation, and 15% testing data. Artificially doubling the data points also improved the classification performance, but it was not significant. The neural network exhibited only a 0.7% increase in its overall classification accuracy with double data points, and it took longer to train the network model. The neural network displayed a maximum classification performance of 88.3% with 5,000 hidden neurons and features extracted from the original response curve.
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